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Background Methods Results

Treatment Effect Estimation Under Unknown Interference.
Stable Unit Treatment Value Assumption (SUTVA) has two main components:
1. No Interference: Each individual’s potential outcome is only influenced by their own treatment status and 

not by the treatment status of others.
2. No Hidden Versions of Treatment: Each treatment has a single, consistent version without variation.
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Background Methods Results

1. The interference graph is not the same as the social
network; the networked interference structure is unknown.

2. The structural function describing the effect of peer
treatments (Tpeer) on self-outcomes (Yself), also known as
the summary/aggregation function of exposure mapping,
is unknown.

3. In the general network setting, there may be potential
causal effects between peer treatments (Tpeer) and self-
treatments (Tself).

Different from Traditional Network Settings

Treatment Effect Estimation Under Unknown Interference.
Stable Unit Treatment Value Assumption (SUTVA) has two main components:
1. No Interference: Each individual’s potential outcome is only influenced by their own treatment status and 

not by the treatment status of others.
2. No Hidden Versions of Treatment: Each treatment has a single, consistent version without variation.
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Representative Algorithms on Observational Networked Data.

• Without interference effects: CNE and NetDeconf algorithms use reweighting and balanced representation learning;
• Known interference graph: DRLearner, SPNet, Net-TMLE, GDML, G-HSIC, RRNet, NetEst;
• Unknown interference:

• Uncertainty algorithm proposes a method integrating structure learning and causal inference to estimate the 
Population Average Overall Effect (PAOE) under network uncertainty and partial interference.

• UNITE algorithm uses a Graph Structure Learner to infer the hidden interference structure by constructing a 
complete graph and imposing L0-norm regularization to identify significant connections. 
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Parameters of Interest.

Identification Assumptions.
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Identification Theorems.
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Identification Theorems.
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Figure 2. An illustration of the proposed framework CauGramer with cross-attention. Different conventional graph attention models
which typically use self-attention on self node features, we reformulates cross-attention mechanisms on graph structures and units
features to model interference representations Rx and Rt.
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Causality-based Graph Transformer (CauGramer)
Advance: Graph Transformer

This paper designs a causality-
based graph transformer that
models network interference by
constructing linear queries from
individual features, graph
convolutional keys from peer
features, and combined values.
This approach expands the
receptive field of the graph
neural network while capturing
complex interference patterns.
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Figure 2. An illustration of the proposed framework CauGramer with cross-attention. Different conventional graph attention models
which typically use self-attention on self node features, we reformulates cross-attention mechanisms on graph structures and units
features to model interference representations Rx and Rt.
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Causality-based Graph Transformer (CauGramer)
Advance: Joint Balancing

Traditional algorithms assume
that peer-treatments would not
influent self-treatment, only
address the confounding bias in
main effect estimation.

In this work, we proposes a joint
representation balancing, which
relaxes the previous treatment-
independence assumption.
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Figure 2. An illustration of the proposed framework CauGramer with cross-attention. Different conventional graph attention models
which typically use self-attention on self node features, we reformulates cross-attention mechanisms on graph structures and units
features to model interference representations Rx and Rt.
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Causality-based Graph Transformer (CauGramer)
Advance: Minimax Constraint

We refine the potential outcome
prediction model using a
minimax moment constraint,
enabling it to correct for
confounding bias through bridge
function, even in the presence of
unmeasured confounders.
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Experiment 
Results

Following previous works, 
we use pseudo-real datasets 
from BlogCatalog (BC) and 
Flickr, where the features (x) 
and social networks (A) are 
real, while treatments (t), 
outcomes (y), and 
interference (E) are 
simulated. 

We use the Average Absolute 
Error (𝜖AVG) on AME, APE, 
and ATE as evaluation metric
We use ( 𝜖!"#") on IME, IPE, 
and ITE as evaluation metric.

Datasets. 

Evaluation. 
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!!"# of ATE Estimation on BlogCatalog Dataset !!"# of ATE Estimation on Flickr Dataset
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Competing Methods

NetEstimator CauGramer(NC) CauGramerCFRNet GAT_NDFive Competing Methods:
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Known S.G.1N RandomS.G.2N Known S.G.1N RandomS.G.2N
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BlogCatalog Dataset with Unknown Interference Graph
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Flickr Dataset with Unknown Interference Graph

Conclusion: By constructing linear 
queries from individual features, graph 
convolutional keys from peer features, 
and combined values to model network 
interference, CauGramer expands the 
receptive field of the graph neural 
network while capturing complex 
interference patterns. Experiments on two 
widely used benchmark datasets 
demonstrate that the proposed CauGramer
outperforms existing methods in network 
causal effect estimation.
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